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BACKGROUND: Tomato taste is defined by the accumulation of sugars and organic acids. 
Individual analyses of these compounds using HPLC or CZE are expensive, time-consuming and 
are not feasible for large number of samples, justifying the interest of spectroscopic methods 
such as Fourier transform mid-infrared (FT-MIR). This work analysed the performance of FT-
MIR models to determine the accumulation of sugars and acids, considering the efficiency of 
models obtained with different ranges of variation.  
RESULTS: FT-MIR spectra (five-bounce attenuated total reflectance, ATR) were used to obtain 
PLS models to predict sugar and acid contents in specific sample sets representing different 
varietal types. A general model was also developed, obtaining R2 values for prediction higher 
than 0.84 for main components (SSC, fructose, glucose, and citric acid). Root mean squared 
error of prediction RMSEP for these components were lower than 15% of the mean contents 
and lower than 6% of the highest contents. Even more, the model sensitivity and specificity for 
those variables with a 10% selection pressure was 100%. That means that all samples with the 
10% highest content were correctly identified. The model was applied to an external assay and 
it exhibited, for main components, high sensitivities (>70%) and specificities (>96%). RMSEP 
values for main compounds were lower than 21% and 13% of the mean and maximum content 
respectively. 
CONCLUSION: The models obtained confirm the effectiveness of FT-MIR models to select 
samples with high contents of taste-related compounds, even when the calibration has not 
been performed within the same assay. 
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Consumer complaints about tomato taste became commonplace during the nineties.1 This 
discontent helped to consolidate emerging quality markets associated with tomato landraces 
with recognized organoleptic quality.2 Several causes explain the loss of organoleptic quality in 
modern varieties, including the way tomatoes are produced (early harvesting, high nitrogen 
fertilization, greenhouse cultivation…), conserved (i.e. refrigeration) or selected in breeding 
programs.3–6 This last cause had a strong influence. In part, it was due to negative collateral 
effects of genes controlling other interesting traits such as uniform ripening (u), which leads to 
reduced sugar contents in ripe fruits,7 or rin and nor, which offer long shelf life but affect the 
production of flavor-related compounds.8,9 Nevertheless, probably the main negative effect 
was due to the strong emphasis placed in the selection for high production and biotic stress 
resistance and the scant attention paid to fruit flavor.  
Tomato flavor is determined by the accumulation of taste-related compounds and aroma 
volatiles. Among the first, taste depends on the accumulation of sugars, mainly fructose and 
glucose (with traces of sucrose), organic acids, mainly malic, citric and glutamic acids and the 
ratios between them. On the other hand, volatiles would not only affect aroma perception but 
also affect the way that tongue receptors perceive sweetness.6,10  
In order to redirect breeding programs towards high-quality varieties, it would be necessary to 
determine the individual accumulation of sugars and acids in selection programs. Especially, 
when these new materials are targeted to cover segmented tomato markets, that demand 
quality profiles with subtle taste differences.11 For this purpose, taste-related compounds such 
as sugars and acids can be determined by precise instrumental techniques such as liquid 
chromatography, HPLC,12 or capillary zone electrophoresis, CZE13. However, these techniques 
have a high cost and require qualified personnel for their use. Even more, only a small number 
of samples can be processed per day considering the duration of analysis. 
As an alternative, infrared spectroscopy can provide an indirect quantification of these 
compounds with several advantages. Its use requires minimum preparation of the sample, it is 
inexpensive and offers rapid analysis time.14 Although Near-infrared (NIR) spectroscopy has 
been successfully used in measuring quality attributes of horticultural produces,15 but 
sometimes the goodness of the models obtained retrain their application to general screening 
purposes16 and studies in different contexts have evidenced a better performance of Fourier-
transform mid-infrared (FT-MIR) spectroscopy in the quantification of sugars and acids.17 
In tomato, FT-MIR models for the quantification of taste-related compounds are scarce. They 
have been obtained using a wide range of varieties18 or a specific varietal type, such as 
processing tomato.19,20 Although different FT-MIR methodologies have been tested, Wilkerson 
et al.19 concluded that little difference was observed comparing the use of triple bounce 
attenuated total reflectance (ATR) and transmission. In their study, Wilkerson et al.19 
concluded that increasing the number and diversity of the samples would reduce the impact of 
irrelevant spectral-variations (noise) in the calibration model, thus resulting in partial least 
squared regression (PLSR) models with higher correlation coefficients. 
In the present study, this premise is addressed: does a higher amplitude of samples and 
environments really increase the efficiency of FT-MIR models in the prediction of the 
concentration of taste-related compounds in tomato? At the same time, the feasibility of the 
use of five-bounce ATR FT-MIR robust models in selection procedures of fresh and processing 
tomato cultivars is studied. For that purpose, the prediction models obtained were tested with 










an external assay, including 111 samples, representing the variation produced by changes in 
the environmental growing conditions. 
 
MATERIALS AND METHODS 
Plant Material 
Three sets of samples were used to develop prediction models. Set number 1 included 108 
samples of processing tomato of eight varieties grown with different water and fertilization 
regimes in Extremadura (Spain). Set number 2 included 107 samples of medium sized 
tomatoes from 25 varieties including beef, rounded, plum and cluster tomatoes from 
commercial and traditional varieties. Set number 3 included 115 samples of 32 varieties of 
cherry and cocktail tomato. Samples from set 1 were obtained during the development of 
different agronomical studies.21,22 Samples from sets 2 and 3 were purchased from local 
markets. 
Each specific sample set and a general set grouping the total 330 tomato samples were used 
for the construction of models predicting sugar and acid contents from FT-MIR spectra. In all 
cases, fully ripe fruits were sampled.  
A fourth sample set from a different external assay was also obtained. It contained 111 
samples of processing tomato representing the same varieties and water regimes of sample 
set 1, but grown in Navarra (Spain) with different environmental conditions (lower radiation 
and temperature). Growing conditions were described with higher detail by Martí et al.22. 
These samples were not included in the calculation of the general model and were only used 
to test the robustness and true prediction capabilities of the model. 
Sample preparation 
The tomatoes were crushed, homogenized and stored at -80ºC until analysis. Subsequently, 
the samples were thawed and centrifuged at 15680g for 10 minutes, following the conditions 
reported by Wilkerson et al. for FT-MIR analysis19. Three aliquots of the supernatant were 
obtained. One of them was used to determine soluble solids content (SSC) with a Pocket PAL-α 
digital refractometer (Atago, Tokyo, Japan). The remaining two were used to obtain the FT-MIR 
spectra and sugar and acid contents via capillary zone electrophoresis (CZE). 
Infrared spectroscopy analysis  
The absorbance measurements of the FT-MIR spectrum were carried out using a portable Cary 
630 FT-MIR spectrometer (Agilent Technologies, Waldbronn, Germany), equipped with a DTGS 
(Deuterated triglycine sulfate) detector and a five-bounce ZnSe ATR. Microlab FT-MIR Software 
v. B.05.3. (Agilent Technologies, Waldbronn, Germany) was used to acquire the data, selecting 
a spectral resolution of 4 cm-1 in a range of the average infrared spectrum of 4000-650 cm-1. 
After reviewing the spectra, and considering previous literature19, only the 1500-900 cm-1 
spectra were used for chemometrics. 
Two independent spectral measurements (average of 64 consecutive scans) were performed in 
each sample. Measurements of the reference spectrum (background) were obtained between 
samples to correct uncontrolled variations in the spectral measurements due to variations in 
environmental conditions. Between the different measurements, the glass was carefully 
cleaned with distilled water and dried with cellulose tissues. 











The quantifications of the main reducing sugars (fructose and glucose) and organic acids (citric, 
malic and glutamic) were performed by capillary zone electrophoresis (CZE) with an Agilent 
7100 equipment (Agilent Technologies, Waldbronn, Germany) following the method described 
by Cebolla-Cornejo et al.13 
Data analysis 
Three specific prediction models for sample sets 1 to 3 and an additional general model with 
all these samples was calculated. Each model was calculated using 75% of the sample set 
(calibration group) to develop the calibration and cross-validation procedures. The remaining 
25% of the samples (validation group) were not included in the models and were used to 
obtain an accurate estimate of the error committed predicting the contents of new samples. 
Both the calibration and validation groups were randomly selected. In the case of the general 
model the calibration and validation groups were again randomly selected, independently of 
the selection made for each specific model.  
FT-MIR spectra were pre-treated to eliminate multiplicative signal interferences with a 
Multiplicative Scatter Correction (MSC) and response variables were autoscaled using the 
mean and standard deviation. The predictive models were then obtained by least squares 
partial regression, PLS.23 In order to choose the optimal number of latent variables, Venetian 
blinds cross-validation procedure was applied. In order to check the validity of the model root 
mean squared errors of calibration (RMSEC) and cross-validation (RMSECV) were calculated. 
RMSECV values were used as one of the selection criteria for the number of latent variables to 
be included in the model. In this sense, new latent variables were not included if they did not 
lead to a reduction of RMSECV higher than 2%. The second criterion used was to select the 
lowest possible number of latent variables. 
Outliers in the FT-MIR spectra and response variables were identified and removed. The values 
of the Hotelling T2 statistics and the Q residues were considered for the former and the values 
of the normalized residuals (<-3 or >3) and leverage parameters were considered for the 
response variables. After calculating the PLS regression models, the FT-MIR spectra of the 
samples of the validation group were used to make predictions and root mean squared errors 
of prediction (RMSEP) were then calculated.  
Correlation coefficients (R2) were calculated for the calibration (R2C), cross-validation (R
2
CV) and 
prediction data (R2P). RMSEP values were also contextualized using the mean (%mean) and 
maximum (%maximum) values. Additionally, the predictive capacity of the models was 
assessed using the dimensionless parameter residual prediction deviation (RPD), which 
represents the ratio between the standard deviation of the validation and RMSEP, and the 
range error ratio (RER), which is the ratio between the range in the composition values of the 
validation samples and the RMSEP. RPD and RER enable a better comparison between models 
obtained with different samples, especially the former, as RER values are highly dependent on 
rare high contents. Usually, RPD values should be higher than 2 in order to represent useful 
models for classification or quantification.24,25 On the other hand, Williams and Norris26 
suggested that RER > 10 highly useful models while they would have limited to good 
application for values between 3 and 10. Additionally, the true prediction performance was 
assessed with external samples. In order to determine the effectiveness of the general model 
for screening, sensitivity (true positive rate) and specificity (true negative rate) values were 
calculated with the general model when a 10% or 20% selection pressure was applied. 










The samples of the external model were used to determine if the obtained general model had 
a reliable performance not only with samples grown in the same environmental conditions 
(validation group), but also with those harvested in completely different conditions (external 
sample set). 
Spectra pre-treatment, PLS regression models, detection of outliers, error parameters and 
goodness of fit for each model were performed in Matlab v 9.4 environment (Mathworks Inc, 
Natick, MA, USA ) using the PLS_Toolbox v 8.2.1 module (Eigenvector Research Inc, 
Wenatchee, WA, USA). A heatmap of the correlations between statistical parameters of the 




The spectra obtained for the tomato samples were characterized by two high absorption areas 
corresponding to 3700-3000 cm-1 and 1750-1500 cm-1 (Fig. 1). In the first area, considerable 
differences were detected among samples, while in the second these differences were limited. 
Although absorbance peak in the area 1500-900 cm-1 was not as high, important differences in 
this area were detected among samples, especially in the area 1150-950 cm-1. 
Characterization of sample sets 
SSC values obtained were in agreement with the expected values considering the varietal types 
used. Fresh mid-sized tomatoes had the lowest value, followed by processing tomato and 
cherry and cocktail tomato (Table 1). Accordingly, fructose and glucose mean contents 
followed the same distribution. The contents of the acids (citric, malic and glutamic) had a 
different distribution. Cherry and cocktail maintained higher contents, but fresh mid-sized 
tomatoes had higher levels of acids compared to processing tomato. For all the models, the 
samples selected for the validation group, that were used to predict values using the 
calculated PLS models, represented a similar range of variation (Table 1). 
The range of variation for each variable differed among sample sets (Table 1). In general, the 
range of variation for sugars was lower than for acids, with the lowest variation being present 
for SSC. Processing tomatoes had the lowest range of variation for the accumulation of sugars, 
followed by fresh mid-sized tomatoes. Cherry and cocktail tomatoes represented the highest 
levels of variation, not only for sugars but also for glutamic acid. Regarding the rest of acids, 
mid-sized fresh tomatoes included higher levels of variation. The general model included a 
high range of composition for all the compounds.  
Regarding the external assay, samples grown in Navarra had similar SSC, but lower sugar and 
higher acid contents than those obtained in the sample set 1, corresponding to Extremadura 
growing conditions (Table 1). 
FT-MIR prediction models 
In the three specific sample sets R2 values for calibration were satisfactory, especially in the 
case of sugars and SSC, ranging from 0.82 for fructose in the model with mid-sized tomatoes to 
0.98 for SCC in the model of cherry and cocktail tomato (Table 2). The R2 values for calibration 
of the acids tended to be lower, especially in the mid-sized and cherry tomatoes models. For 
all the models, R2 cross-validation values decreased considerably and, at the same time, 










RMSECV values considerably increased over those obtained for the calibration. Indeed, the 
cross-validation seemed to be rather tough, as in the three models the R2 prediction values 
were higher and RMSEP values were similar or lower than RMSECV.  
In processing tomatoes RMSEP (%mean) values for SSC, citric fructose and glucose were lower 
than 10% and slightly higher (<15%) for glutamic and malic acid (Table 2). The error was 
equally distributed, and it was similar for samples with low, medium or high contents (fructose 
predictions are shown as an example, Fig. 2). Consequently, the relative error tended to 
decrease for increasing contents. When RMSEP was contextualized using the maximum value 
(%maximum), the percentages of error remained below 9% for all the compounds. In mid-sized 
tomatoes, RMSEP (%mean) values were lower than 18% for SSC, glucose, fructose, and citric 
and lower than 25% in the rest of compounds. RMSEP (%maximum) values were lower than 
10% for SSC, fructose, glucose and citric and lower than 13% for malic and glutamic acids. In 
the case of cherry and cocktail tomatoes RMSEP (%mean) values were lower than 15% for all 
the compounds except for glutamic acid (27.5%) and RMSEP (%maximum) values were lower 
than 10% for all the compounds.  
Considering the range of variation represented in the samples, for the three models RPD 
values were, in general, close to or higher than 2 (Table 2). On the other hand, RER values 
were higher than 6 for all the variables in processing and mid-sized-tomatoes, and even higher 
than 10 for most variables in cherry and cocktail tomatoes. 
A general model was obtained with the entire set of samples. R2 values for calibration ranged 
from 0.65 for malic acid to 0.96 for SSC. R2 and RMSECV values for cross-validation were 
similar, to those of the calibration, thus revealing a low impact of cross-validation. R2 values for 
the validation group were almost identical to those of the calibration, except for glutamic acid 
(0.58 vs. 0.75). RMSEP values even improved RMSEC values (mean decrease of 6%). RMSEP 
%mean and %maximum values for main compounds were lower than 15% and 6% 
respectively. RPD values were higher than 2.5 for main compounds and RER values were higher 
than 11 for all the compounds, except for malic acid (8.5). 
It seemed that increasing the number of samples did not necessarily lead to a better 
performance of the model. In fact, after studying different correlations between model and 
prediction parameters and the description of the sample, it resulted that the highest absolute 
correlations between relative errors (%mean) and the characteristics of the samples were 
found with the coefficient of variation and minimum values of the samples (Supp. Figure 1). 
Specifically, the correlation between the coefficients of variation of the sample sets and 
relative RMSEC, RMSECV and RMSEP values were 0.75, 0.69 and 0.79 respectively. An inverse 
relationship was observed between the minimum value of the samples and RMSEC, RMSECV 
and RMSEP values (R=-0.46). 
Sensitivity (true positive rate) and specificity (true negative rate) values were calculated with 
the general model to predict the results when a 10 or 20% selection pressure was applied. 
Sensitivity for a 10% selection pressure was 100% for SSC, glucose, fructose and citric acid and 
75% for malic and glutamic acid (Table 4). That means that when 10% of samples with the 
highest predicted content were selected, all of them had the highest (10%) measured (CZE) 
values for the main components. Specificity was 100% for main components and higher than 
97% for malic and glutamic acids, meaning that within the rejected samples only 3% had high 
malic or glutamic content. Even for malic and glutamic acid, the mean percentile of CZE 
measured values of the selected samples was close to 5%, meaning that false positives also 










had high contents, close to the limit of selection. When a lower selection pressure was applied 
(selecting the 20% of samples), sensitivity decreased, but it was still higher than 78% for main 
components. Specificity was higher than 90% in all cases. Mean percentile of CE measured 
values was below 18% for all the variables. 
Prediction of an external assay 
The obtained general model was applied to the prediction of a new assay (111 samples) not 
included in its development. R2 values were moderately high in the case of SSC (0.74) and 
glucose (0.63) and considerably lower in the rest of the cases (Table 3). Nevertheless, RMSEP 
values (%mean) were lower than 15% for SSC and glucose, lower than 20% for fructose and 
citric acid and lower than 40% for malic and glutamic acids. RMSEP values (%maximum) were 
lower than 21% in all cases. The specific model for sample set 1, representing the same 
varieties but grown in different environmental conditions was also used for predictions, but it 
showed a worse performance than the general model (Table 3). 
When a 10% selection pressure was applied to select material using the general model, 
sensitivities for main components were higher than 70% and specificities higher than 96% 
(Table 4). The mean percentile of CZE measured values of the selected samples was lower than 
8%. Thus, the false positives included within the selected samples had high values close to the 
limit of selection. With a lower selection pressure (20%) sensitivities decreased, with good 
values for SSC and glucose, but lower for fructose (60%) and citric acid (52.4%).  
DISCUSSION 
Tomato is a complex crop, with specific characteristics associated with different varietal types. 
For example, it has been proven that the breeding history of processing tomato led to a 
notable divergence of the genome from fresh tomato varieties.27 This divergence is in fact 
accentuated in chromosome 5, where several QTL for high soluble solid content can be found. 
This is in part due to the strong selection pressure in processing tomato breeding programs for 
high SSC. Within fresh tomato, a clear distinction is observed between cherry and other types, 
such as round or beef tomatoes, with important differences in the metabolic profile.28 In this 
sense, cherry tomatoes tend to have higher levels of sugars and citric acid and lower levels of 
malic acid, as it was observed in the present study. 
With this level of differentiation, it seems probable that indirect quantification methods for 
the accumulation of taste-related compounds should be developed specifically for each 
varietal type. In fact, previous works using FT-MIR prediction for sugar and acid content have 
been either focussed on processing tomato,19,20 or using a limited number of varieties. That is 
the case of Beullens et al.29 that applied their model to four varieties or Vermeir et al.25 with 
sets of six and three varieties. Nevertheless, some attempts have been made to include a 
higher level of diversity. It is the case of the study performed by Scibisz et al.18, that included 
39 commercial and traditional varieties of, i.a., cherry, cocktail, Marmande, and processing 
tomato. 
Consequently, the results obtained in these studies are not easily compared. Usually, cross-
validation performance is provided to assess the robustness of the models. In the present 
study cross-validation using Venetian blinds proved to be rather tough, as the values for R2 and 
RMSE in the prediction improved those of the cross-validation. Nevertheless, the performance 
of the model predicting values for samples not included in the calibration gives a better idea of 
its robustness, thus comparisons should be made with prediction performance results. But 










even then, not always mean values and coefficients of variation are provided to contextualize 
RMSEP values, and other values such as the dimensionless RPD and RER values are not usually 
provided. RPD can be interpreted as the ratio of natural variation in the samples to the size of 
likely prediction errors and RER is similar in spirit, but in this case, it uses the range of variation 
of the samples instead of the standard deviation.24 
Despite these limitations, some comparisons can be made. In the case of processing tomato, 
Ayvaz et al.20 obtained RMSEP values for glucose of 1.4 g L-1 and fructose 1.46 g L-1 and SSC of 
0.12°Brix, values that contextualized with the mean result in 16%, 17% and 2% for ranges 1.1-
20.2 g L-1, 0.1-20.4 g L-1 and 3.8-7.2°Brix respectively. Also with processing tomato, Wilkerson 
et al.19 obtained values of RMSEP with a triple-bounce ATR of 1.47 g L-1, 1.23 g L-1 and 0.23 g L-1 
for glucose, fructose and SSC. In this case, the means were not provided, but samples used for 
prediction ranged 10.0-21.4 g L-1 for glucose, 11-20.6 g L-1 for fructose and 4.2-6.7 °Brix for SSC. 
These values are similar to those obtained in the present work in the model restricted to 
processing tomato (RMSEP values of 1.2 g kg-1, 1.4 g kg-1 and 0.2 °Brix with ranges of 10.01-
19.69 g kg-1, 9.03-20.04 g kg-1 and 3.5-5.8 °Brix respectively). 
Regarding studies with a wider diversity, Scibisz et al.18 obtained RMSEP values (contextualized 
with the mean) for glucose, fructose and SSC of 5.1%, 6.8%, and 2.9% respectively with 
coefficients of variation of prediction samples of 25%, 20% and 20% respectively. While in our 
case with the general model RMSEP values were 12.1%, 14.3% and 4.9% with much higher 
variability in the prediction samples (coefficients of variation of 43.2%, 39.9%, and 26.7% 
respectively). 
Few studies are available where the authors have applied a PLS regression model to samples 
obtained in an external assay. Among them, Scibisz et al.18 obtained models for individual 
compounds, but the external assay was applied only to predict SSC, total acidity and dry 
matter. In that case, they obtained an RMSEP (%mean) value for SSC of 4.5%. In the present 
work, RMSEP was higher 8.4%, but it should be considered that Scibisz et al.18 included two 
varieties and the present work included 8 varieties grown with different water and fertilization 
regimes.21,22 It could be argued that the external sample set included varieties already 
considered in the model and that the samples were obtained in the same years (those studies 
were performed with samples obtained during two years). It should be considered though, 
that the general model included not only these eight varieties, but much more. Additionally, 
previous studies with these materials proved that the site of cultivation had a similar effect or 
even higher than the year effect on the metabolic profile of tomato.21,22 Even considering the 
limitation of the external sample set, it seems clear that the potential of using FT-MIR models 
with external samples would be a real. 
The models developed in this work have proved to be robust and reliable for main components 
(SSC, glucose, fructose and citric acid), with worse models obtained for malic and glutamic 
acid. Vermeir et al.25 also found lower predictivity levels for malic and glutamic acids compared 
to citric acid. In that case, they justified that the range of variation for these compounds and 
their concentration was small. Scibisz et al.18 also found that the model for malic acid was 
weak, and also stated that it was probably due to the low concentration found in tomato, in 
agreement with the results of Rudnitskaya et al.30 in apple, pointing out that FT-MIR models 
were not suitable for minor components. On the other hand, Wilkerson et al.19 did not include 
malic acid in their models, but the characteristics of the glutamic model were similar to those 
of the citric acid. On the other hand, most published literature shows that models for SSC are 
much better than those for individual components18–20, as in the present work. One plausible 










explanation is that SSC involves the signal of individual components and it is obviously higher. 
Nevertheless, SSC indirect prediction has the only advantage of providing an estimate to 
contextualize new results with previous experiences were no data for individual compounds is 
available. 
Apart from different comparisons, it seems clear that the obtained general model will be 
highly valuable for screening purposes. RPD values higher than 2 and RER values higher than 
10, confirm this point, as these values are considered a threshold to define useful models.24–26 
In addition, RMSEP (%maximum) values for SSC, fructose, glucose and citric acid were lower 
than 6%. This evidences the goodness of the indirect FT-MIR determinations in the selection of 
materials with outstanding contents of taste-related compounds. 
It also seems clear that a general model is most robust than specific models for each varietal 
type. In our case, this seems to be due to the higher variability included rather than to the use 
of a higher number of samples, as the performance of the models represented in the RMSE 
(%mean) values, had a high positive correlation with the coefficient of variation of the sample 
sets used during the calibration. It also seems that low minimum values of the variables in the 
samples would interfere with the calculation of good models, as moderate negative 
correlations were obtained with RMSE (%mean) values. Thus, answering the initial question 
proposed in this work, a higher amplitude of samples and environments really increases the 
efficiency of FT-MIR models in the prediction of the concentration of taste-related compounds 
in tomato. 
The feasibility of the use of FT-MIR models in screening activities during breeding programs is 
clear. The benefits of the use of indirect quantification methods are evident when it is 
considered that in screening programs for a high content of specific sugars and acids, a notable 
contribution of genotype x environment interaction has been described, forcing to develop 
multi-environmental trials.31 Even more, the considerable amount of variation present within 
accessions, especially in wild germplasm, leads to the need to analyze individually a high 
number of plants per accession in order to identify sources of variation. And again, a high 
number of plants are to be analyzed in segregant populations during the introgression of the 
trait.  
The sensitivity of the PLS regression model when applying a 10% selection pressure is 100%. 
That means that in order to select the best materials in screening programs, time-consuming 
and expensive HPLC or CZE determinations can be replaced by rapid and cheap ATR FT-MIR 
analysis. This is of utmost utility for the development of breeding programs, which still rely on 
the calculation of gross measures such as SSC due to the cost of implementing selections based 
on individual compounds. 
In indirect spectroscopic analysis, it is usually necessary to perform a calibration for each assay. 
But in the present work, it has been proven that even applying the general model to an 
external assay not included in the calibration, as it was possible to obtain sensitivities higher 
than 70% with 10% selection pressure for main taste-related compounds. Additionally, those 
false positives corresponded to samples with high contents close to the limit of selection, as 
the mean percentiles of selected samples were close to the ideal 5%. Thus, even if these 
samples were selected, their effect on the development of a breeding program would be 
minimum. Even for quantification purposes, RMSEP values contextualized with maximum 
values were lower than 13% for main compounds, which is a notable performance, considering 
that it has been obtained with samples not included in calibration models.  












Our results support the applicability of ATR FT-MIR as a tool to select samples with high 
contents of SSC, glucose, fructose and citric acid. For that purpose, it would be advisable to use 
pools of samples with the highest variability to develop robust general models, rather than 
specific models. Preliminary results using an external sample set with materials grown in a 
different environment suggest that even though a calibration for each assay is advisable, it 
would not be necessary for screening programs if a later more precise determination is 
planned. Even if no further analysis were performed, most selected samples would be close to 
the selection objective. 
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e Table 1. Statistical parameters of the samples regarding the accumulation of soluble solids content (SSC), sugars and acids contents using refractometry and 
capillary zone electrophoresis. For each sample set the characteristics of the samples used for calibration (nc) and cross-validation (ncv), and those used for 
prediction are indicated. An external assay was included only to predict values using the general model. 
  Calibration group samples  Validation group samples 

















(nc =81; nv = 27) 
SSC1 4.55 0.42 9.2 3.80 5.55  4.54 0.60 13.1 3.50 5.80 
Glucose2 14.16 2.08 14.7 9.84 19.48  14.57 2.50 17.2 10.01 19.69 
Fructose2 14.83 2.46 16.6 9.72 19.94  15.14 2.97 19.6 9.03 20.04 
Citric2 3.53 0.57 16.0 2.25 5.34  3.62 0.60 16.7 2.53 5.22 
Malic2 1.23 0.30 24.1 0.79 1.83  1.25 0.30 23.7 0.87 2.00 
Glutamic2 0.96 0.43 44.7 0.36 2.35  1.03 0.41 39.7 0.42 1.96 
Sample set 2 
Fresh mid-sized 
tomato 
(nc =80; nv = 27) 
SSC1 4.27 0.55 13.0 2.95 5.40  4.25 0.52 12.3 3.50 5.65 
Glucose2 12.10 3.40 28.0 6.73 22.49  11.50 3.31 28.8 6.98 22.72 
Fructose2 13.77 3.67 26.7 8.25 25.63  12.99 3.47 26.7 8.15 24.18 
Citric2 5.84 1.93 33.0 3.06 14.03  5.43 1.74 32.1 2.70 9.75 
Malic2 1.76 0.63 35.6 0.56 4.02  1.73 0.69 39.7 0.56 3.75 
Glutamic2 1.70 0.76 44.8 0.71 4.25  1.68 0.68 40.3 0.70 3.25 
Sample set 3 
Cherry&cocktail 
tomato 
(nc =86; nv = 29) 
SSC1 5.77 1.44 24.9 3.50 11.35  6.00 1.84 30.7 4.00 12.40 
Glucose2 18.14 7.73 42.6 6.73 46.09  19.33 9.13 47.2 10.03 50.42 
Fructose2 20.81 7.77 37.3 8.44 51.99  21.57 9.15 42.4 12.41 53.43 
Citric2 8.42 1.65 19.6 4.67 12.38  8.36 1.60 19.1 5.20 11.66 
Malic2 1.47 0.47 31.6 0.79 3.44  1.50 0.49 32.9 0.96 3.01 
Glutamic2 1.60 1.18 73.4 0.32 6.77  1.71 1.47 86.1 0.28 6.43 
General model  
(nc =245; nv = 87) 
SSC1 4.91 1.18 23.9 2.95 11.35  4.90 1.31 26.7 3.50 12.40 
Glucose2 14.97 5.70 38.1 6.73 46.09  15.17 6.55 43.2 6.73 43.18 
Fructose2 16.66 6.17 37.0 8.15 51.99  16.71 6.67 39.9 8.25 53.43 
Citric2 5.90 2.43 41.2 2.36 12.38  6.13 2.58 42.1 2.25 14.03 
Malic2 1.51 0.54 35.9 0.56 4.02  1.45 0.47 32.4 0.56 3.01 




(nv = 111) 
SSC1       4.66 0.58 12.5 3.45 6.10 
Glucose2       12.38 2.82 22.8 6.10 20.87 
Fructose2       13.13 3.14 24.6 5.84 22.42 
Citric2       4.21 0.85 20.2 2.13 7.06 
Malic2       0.84 0.24 28.1 0.32 1.49 
Glutamic2       1.70 0.42 24.6 0.81 2.82 
1°Brix; 2 g kg-1 









e Table 2. Performance of the partial least squares (PLS) regression models predicting taste-related compounds content from ATR FT-MIR spectra. SSC: soluble 
solids content; R2 correlation coefficient; RMSE: root mean squared error; C: calibration; CV: cross-validation; P: prediction; RPD: residual prediction 
deviation; RER: range error ratio. 





Sample set 1 
Processing tomato 
Extremadura 
(nc3 =81; nv4 = 27) 
SSC1 0.85 0.2 0.50 0.3 0.81 0.2 4.2 5.3 2.5 9.5 
Glucose2 0.88 0.7 0.63 1.3 0.79 1.2 5.9 8.0 2.2 8.3 
Fructose2 0.88 0.9 0.45 1.9 0.77 1.4 6.8 9.0 2.2 8.1 
Citric2 0.90 0.2 0.51 0.4 0.68 0.3 5.6 8.0 2.1 9.3 
Malic2 0.82 0.1 0.52 0.2 0.58 0.2 8.5 13.6 1.8 6.7 
Glutamic2 0.94 0.1 0.70 0.2 0.83 0.1 7.1 13.6 2.9 11.0 
Sample set 2 
Fresh mid-sized 
tomato 
(nc =80; nv = 27) 
SSC1 0.93 0.1 0.78 0.3 0.91 0.2 3.3 4.4 2.8 11.6 
Glucose2 0.83 1.4 0.39 2.7 0.57 2.0 8.8 17.4 1.7 7.9 
Fructose2 0.82 1.5 0.30 3.1 0.70 1.6 6.7 12.4 2.2 10.0 
Citric2 0.58 1.1 0.39 1.3 0.75 0.9 9.6 17.1 1.9 7.6 
Malic2 0.63 0.4 0.09 0.6 0.49 0.4 10.7 23.1 1.7 8.0 
Glutamic2 0.54 0.5 0.38 0.6 0.65 0.4 12.6 24.4 1.7 6.2 
Sample set 3 
Cherry & cocktail 
tomato 
(nc =86; nv = 29) 
SSC1 0.98 0.2 0.97 0.3 0.98 0.3 2.6 5.3 5.8 26.5 
Glucose2 0.99 0.9 0.94 1.9 0.99 1.1 2.1 5.4 8.7 38.5 
Fructose2 0.95 1.8 0.92 2.2 0.93 2.4 4.5 11.2 3.8 17.0 
Citric2 0.76 0.8 0.60 1.0 0.57 1.1 9.0 12.6 1.5 6.1 
Malic2 0.92 0.1 0.62 0.3 0.90 0.2 5.3 10.7 3.1 12.8 
Glutamic2 0.88 0.4 0.82 0.5 0.89 0.5 7.3 27.5 3.1 13.1 
General model  
(nc =245; nv = 87) 
SSC1 0.96 0.2 0.94 0.3 0.95 0.2 1.9 4.9 5.5 37.1 
Glucose2 0.92 1.6 0.89 1.8 0.89 1.8 4.3 12.1 3.6 19.8 
Fructose2 0.89 2.1 0.84 2.5 0.87 2.4 4.5 14.3 2.8 18.9 
Citric2 0.95 0.6 0.87 0.9 0.90 0.8 5.6 12.7 3.3 15.1 
Malic2 0.65 0.3 0.54 0.3 0.54 0.3 9.6 20.0 1.6 8.5 
Glutamic2 0.85 0.4 0.75 0.5 0.58 0.4 8.0 28.7 2.2 11.7 
1RMSE values expressed as °Brix; 2RMSE values expressed as g kg-1; 3number of samples in calibration set; 4number of samples in validation set 
 
 










Table 3. Performance of the predictions made for the external assay (processing tomato grown 
in Navarra; 111 samples) obtained with the general model and the specific model of sample 
set 1 (processing tomato grown in Extremadura). R2P correlation coefficient of the prediction; 
RMSEP: root mean squared error of the prediction (°Brix for SSC and g kg-1 for individual 
compounds). 
Model 





General model predicting external 
assay (processing tomato Navarra) 
SSC 0.74 0.39 8.4 6.4 
Glucose 0.63 1.74 14.1 8.3 
Fructose 0.34 2.51 19.1 11.2 
Citric 0.25 0.86 20.4 12.2 
Malic 0.18 0.31 36.9 20.8 
Glutamic 0.19 0.49 28.6 17.2 
Sample set 1 (processing tomato 
Extremadura) model predicting 
external assay (processing tomato 
Navarra) 
SSC 0.56 0.68 14.6 11.12 
Glucose 0.49 2.40 19.4 11.5 
Fructose 0.17 3.66 27.9 16.3 
Citric 0.05 1.07 25.4 15.2 
Malic 0.21 0.24 28.8 16.23 
Glutamic 0.11 0.45 26.2 15.8 
 
Table 4. Values of sensitivity and specificity obtained using the general PLS model in plant 
selection for high content of taste-related constituents when applying a selection pressure of 
10% or 20%. Samples from the general model validation set group and the external assay 
(processing tomato grown in Navarra) were evaluated. Mean percentiles of selected plants are 
also provided.  















SSC 100.0 100.0 5.8  86.7 96.8 11.3 
Glucose 100.0 100.0 5.6  87.5 96.9 11.7 
Fructose 100.0 100.0 5.4  82.4 92.4 16.0 
Citric 100.0 100.0 5.8  78.6 94.6 12.3 
Malic 75.0 97.1 5.3  62.5 90.3 13.3 
Glutamic 75.0 97.2 6.9  68.8 92.2 17.7 
 















SSC 88.9 98.8 5.4  73.7 93.4 13.2 
Glucose 90.0 98.9 5.8  70.0 92.5 14.0 
Fructose 70.0 96.7 7.0  60.0 90.1 21.9 
Citric 70.0 96.8 8.0  52.4 88.0 22.0 
Malic 40.0 93.6 8.8  47.6 86.6 19.3 
Glutamic 60.0 95.7 10.0  42.9 85.4 37.1 
 
FIGURE CAPTIONS 










Figure 1. FT-MIR spectra of tomato samples in the  4000-650 cm-1 region (a) and in the 1500-
900 cm-1 region (b) used for chemometric analysis.  
Figure 2. Predicted (ATR FT-MIR) vs. measured (CZE) glucose contents using the partial least 
squares (PLS) regression model for sample set 1 (processing tomato in Extremadura). Grey 
dots: samples used to calibrate the PLS model; red diamonds: samples used to predict using 
the PLS model. 
  


































Figure 1. FT-MIR spectra of tomato samples in the  4000-650 cm-1 region (a) and in the 1500-


















Figure 2. Predicted (ATR FT-MIR) vs. measured (CZE) glucose contents using the partial least 
squares (PLS) regression model for sample set 1 (processing tomato in Extremadura). Grey 
dots: samples used to calibrate the PLS model; red diamonds: samples used to predict using 
the PLS model. 
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